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SYSTEM AND METHOD FOR DETECTING,
TRACKING AND ESTIMATING THE SPEED
OF VEHICLES FROM A MOBILE PLATFORM

INCORPORATION BY REFERENCE

[0001] The following co-pending and commonly assigned
application, the disclosure of which is being totally incorpo-
rated herein by reference, is mentioned: U.S. patent applica-
tion No. [Atty. Docket No. 20130009-US-NP], filed [un-
known], entitled “System and Method for Visual Motion
Based Object Segmentation and Tracking”, by Saund et al.

BACKGROUND

[0002] This application pertains to camera based analysis
of'road traffic. An existing issue is to detect a moving vehicle,
measure its speed, and track the vehicle to capture an image of
the vehicle’s license plate. This is desired to be done from a
mobile camera platform which is nominally an Unmanned
Aerial Vehicle, however it is to be appreciated that other
camera platforms are considered as well.

[0003] Multiple ground-based technologies are available
for detecting traffic law violations such as speeding, unsafe
lane changes, running red lights, illegal turns, etc. Human
operated speed detection is commonly accomplished by fol-
lowing an offending vehicle through vehicle-mounted and
hand-held radar. In another area automated technology exists
for detecting red-light running. This may use a combination
of'road sensors and cameras affixed to poles near an intersec-
tion. Automated speed violation detection may also be
accomplished by using a combination of radar and fixed
cameras, or by cameras alone if calibrated.

[0004] Air-based detection of unsafe driving and especially
speeding is done using human visual monitoring from an
aircraft. A suspect vehicle must be tracked for sufficient dis-
tance to establish speed by the timing of the vehicle passing
calibrated landmarks.

[0005] Modern autonomous unmanned aircraft routinely
can navigate via Global Position System (GPS). UAVs are
routinely fitted with still and video cameras that are capable of
recording images and transmitting live video feeds to ground
stations.

[0006] The University of Florida has investigated traffic
monitoring with high end military UAVs, however, they were
focused on traffic density measurements and not enforcement
related activities.

[0007] Military UAVs have been equipped with pan/tilt
cameras.
[0008] Various computer vision algorithms have been

developed for appearance-based tracking of objects in scenes.
These algorithms do not detect moving objects directly. They
require initialization of the target object, and once the target
object has been initialized, the target object is tracked through
time. An example of such a concept is discussed in Zdenek
Kalal, K. Mikolajaczyk, and J. Matas, “Tracking-I.earning-
Detection,” Pattern Analysis and Machine Intelligence, 2011.
[0009] Various computer vision algorithms have been
developed for detecting and tracking multiple moving objects
in scenes of traffic from a stationary platform, where the
object(s) to be tracked are determined automatically by their
motion relative to the fixed scene. An example of the forego-
ing concepts is discussed in S. J. Pundlik and S. T. Birchfield,
“Motion Segmentation at Any Speed,” Proceedings of the
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British Machine Vision Conference (BMVC), Edinburgh,
Scotland, pages 427-436, September 2006.

BRIEF DESCRIPTION

[0010] A method and system for measurement of ground
based vehicle speed includes a movable platform that
includes an unmanned aerial vehicle (UAV) located in prox-
imity to a roadway, the UAV operates under control and
navigation of a UAV control unit, and the UAV also carries
camera and monitoring equipment, the camera and monitor-
ing equipment including an onboard computing system, and a
camera with a wide angle lens and a camera with a telephoto
lens, the cameras being mounted on a pan/tilt device. An
algorithm operated by the on-board computing system is used
to detect and track vehicles moving on a roadway. The algo-
rithm is configured to detect and track the vehicles despite
motion created by movement of the UAV. The cameras
mounted on the pan/tilt device are moved under the direction
of'the computer vision algorithm to maintain a target vehicle
of the detected moving vehicles in view, and the speed of the
target vehicle is measured. The method and system thereby
allows for tracking a target vehicle to capture a license plate
image with the telephoto lens.

BRIEF DESCRIPTION OF THE DRAWINGS

[0011] FIG. 1 illustrates an environment in which the
present concepts may be employed;

[0012] FIG. 2 illustrates another environment in which the
present concepts may be employed;

[0013] FIG. 3 is a flow diagram for certain concepts of the
present application;

[0014] FIGS. 4A-4C depict a series of image frames;
[0015] FIG. 5 is a wide angle view of a vehicle being
tracked;

[0016] FIG. 6 is a telephoto view of the license plate of the

vehicle being tracked;

[0017] FIG. 7 is an ideal pinhole camera model;

[0018] FIGS. 8A-8C depict sketches to illustrate concepts
for measuring vehicle positions from a UAV position and
orientation;

[0019] FIG. 9 shows the curve of the target function, the
curve of the tangent function, plus a constant offset angle and
the curve of the error between the two;

[0020] FIG. 10 illustrates object motion between succes-
sive video frames

[0021] FIG. 11 Ilustrates keypoints found in a current
image frame by a keypoint detector and corresponding loca-
tions for these keypoints in a previous image frame.

[0022] FIG. 12 represents an SBRIEF feature descriptor;
[0023] FIG. 13 illustrates three main conceptual phases of
the PMP Growth Algorithm;

[0024] FIG. 14 is a detailed flowchart of the PMP Growth
Algorithm;

[0025] FIG. 15 illustrates the concept of a Point-Motion-
Pair;

[0026] FIG. 16 illustrates that a pair of points in a Previous

Image Frame generates numerous Point-Motion-Pairs by
mapping to multiple pairs of points in a Current Image Frame;
[0027] FIG. 17 Illustrates point correspondences establish-
ing Point-Motion-Pairs are constrained by allowing only
mappings between points having a local image patch appear-
ance match;
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[0028] FIG. 18 illustrates a cluster of coherent Point-Mo-
tion-Pairs and other Point-Motion-Pairs that do not form a
coherent cluster.

[0029] FIG. 19 illustrates established mappings between
keypoints found in the current image frame and point loca-
tions in the previous frame; and

[0030] FIG. 20 presents a frame from a video of a freeway
scene, where multiple STOMs have been identified.

DETAILED DESCRIPTION

[0031] FIG. 1 is a block diagram 100 illustrating an envi-
ronment in which the present concepts may be employed. A
camera system 102 is positioned to monitor rigid and semi-
rigid objects 104a-1047. The arrows associated with each of
the objects 104a-104#% represent different motions or move-
ments of the objects 104a-104#. It is also to be understood
that in the following discussion, a semi-rigid object is under-
stood to be equivalent to a configuration of point locations
that undergo a similarity transform, with some deviation on
the locations.

[0032] In alternative environments, the camera system 102
may be in a stationary location or may be designed to be
mobile. In the stationary embodiment the camera system will
pivot and/or pan from the stationary position. Examples of
stationary camera systems include security camera arrange-
ments found in offices, stores, banks among other locations. A
moving camera arrangement may be found on moving
vehicles such as automobiles, trucks, airplanes, helicopters,
boats, variously constructed Unmanned Aerial Vehicles
(UAVs), as well as within warehouses, and factories where
the movement is accomplished by combining the camera
system with a track system, robotic arms or other platform
that can carry and move the camera system.

[0033] The rigid or semi-rigid objects observed by the cam-
era system may also be stationary and/or moving. These rigid
or semi-rigid objects include but are not limited to automo-
biles, motorcycles trucks, airplanes, helicopters, boats, as
well as components, products, and machinery within in ware-
houses or factories. Thus the present concepts may be
employed in environments having some combination of the
foregoing stationary and/or movable conditions.

[0034] Turning to FIG. 2, illustrated is a movable or mobile
camera platform or arrangement 200 including a camera and
monitoring system 202 associated with a movable platform
such as Unmanned Aerial Vehicle (UAV)) 204, which in one
embodiment is configured to monitor vehicle (e.g., automo-
bile, truck, etc.) traffic moving on roadways, such as to moni-
tor the speed of these vehicles. The UAV flies under control
and navigation by a UAV Control Unit (including navigation
components such as but not limited to a GPS system, elec-
tronic roadmaps, an altitude indicator, compass, Lidar, ultra-
sound or other RADAR, among other navigation equipment)
206. Camera and monitoring equipment 202 is mounted on
the UAV 204. This equipment includes an onboard computing
system 202a, and a pair of cameras (which in one embodi-
ment are approximately axis-aligned digital cameras) 2025,
202¢ mounted on a pan/tilt device or gimbal 2024 (in one
embodiment this is a 2-axis, pan/tilt gimbal). One of the
cameras 2025 is affixed with a wide-angle lens 202¢, the other
camera has a telephoto lens 202/ (i.e., they have different
focal lengths). Images from the cameras are processed by the
on-board computing system 2024. The pan/tilt gimbal 2024 is
secured to the UAV 202 by a mounting bracket 202g. Move-
ment of the pan/tilt gimbal is actively controlled by a tracking
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algorithm running in the onboard computing system 202aq, in
part in response to images received from the cameras 2025,
202c¢.

[0035] The cameras 2025, 202¢ are configured to servo and
track a moving vehicle while the UAV 202 is in flight. More
particularly the tracking algorithm allows the data from a
wide-angle camera image to provide direct motion com-
mands to the gimbal such that a companion telephoto camera
zeros in on the object (e.g. vehicle) being tracked. Use of the
tracking algorithm provides active control of the pan/tilt gim-
bal. The onboard computing system 202a also includes at
least one electronic processor, which may be a graphics or
other electronic processing device. The on-board computing
system 202aq is also configured with input/output capabilities,
including a communication system for communicating
received and/or processed data to be relayed to locations
off-site the on-board computing system, such as to a video
screen and/or electronic storage. The communication system
is designed for real time relay of the data to be transmitted.

Tracking Using Moving Vehicle Monitoring Procedure
(MVMP)

[0036] Turning to FIG. 3 shown is a flow diagram 300
illustrating a particular embodiment of present concepts. Fol-
lowing the start of the process 302, the UAV is positioned or
flown alongside a roadway 304, and when within the desired
proximity to the roadway, the camera and monitoring system
is controlled (e.g., the pan tilt gimbal) based on GPS coordi-
nates in registration with a roadmap 306. The location of the
road in relation to the UAV, and the UAV’s altitude are also
determined by the map and GPS readings. This information,
in conjunction with the compass heading of the UAV, allows
calculation of camera gimbal pan and tilt coordinates to direct
the camera at the roadway.

[0037] At this time a procedure developed by the present
inventors, called herein a Moving Vehicle Monitoring Proce-
dure (MVMP) is engaged 308. This MVMP procedure
employs a tracking algorithm for data acquisition. Addition-
ally, this application also describes a new computer vision
object motion segmentation and tracking algorithm, and is
referred to herein as a Point-Motion-Pair (PMP) Growth algo-
rithm. The PMP Growth algorithm includes processes for
tracking objects (e.g., vehicles) despite large frame-to-frame
motion. Implementing the present concepts with the PMP
Growth algorithm permits the acquisition of the target vehicle
to be accomplished in an automated manner, i.e., human
intervention is not needed to identify the target vehicle.
Implementation of the PMP Growth algorithm will result in
the output a list of detected moving objects (vehicles) appear-
ing in the wide-angle camera feed 310.

[0038] Then for each moving vehicle in the wide angle
view 312, the system estimates each vehicle speed 314, and
automatically determines whether to track the vehicle 316. In
normal operation the MVMP process will select a vehicle
with the fastest estimated speed, when the speed of the vehicle
exceeds a predetermined threshold. If no vehicle in the video
feed meets the stated criteria the process loops back to step
310. However, if there is a vehicle that is determined to be
above the estimated threshold speed the system begins to
record video evidence and while this recording is occurring
318, the MVMP process operates the servo pan/tilt gimbal to
direct the wide-angle camera to center the target vehicle in the
field of view 320. In one embodiment the serving algorithm to
achieve and maintain fixation on the target vehicle is a PID
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controller with a feed-forward signal based on the object’s
motion in the image. Also, while it is useful to commence
recording video evidence of the vehicle’s speed when the
vehicle is selected, it is not necessary. This video data can be
stored for later analysis and dispute resolution. It is noted that
when the present operations employ the PMP Growth algo-
rithm both the selection of the target vehicle and the operation
of the servo pan/tilt gimbal is accomplished without human
intervention, as opposed to use of a tracking algorithm that
requires human intervention to select the target vehicle.
[0039] Once the wide-angle camera is directed to center the
vehicle being tracked, the MVMP process estimates the
vehicle speed 322 and when the target vehicle is centered in
the video frame the algorithm directs the telephoto camera to
take a zoomed in high-resolution snapshot, to gather video
evidence of the targeted vehicle’s license plate number 324.
Prior to taking the telephoto high-resolution snapshot the
process makes an inquiry as to whether or not the license plate
is readable 326. If the response is negative the process loops
to step 320 and a more refined movement of the camera
arrangement by the servo pan/tilt gimbal is undertaken. Simi-
larly, in step 328, an inquiry is made if sufficient speed evi-
dence has been collected. Ifthe response is in the negative the
process loops back to step 320 and again more refined move-
ment of the camera arrangement is undertaken to increase the
amount and/or quality of collected data.

[0040] In the present embodiment steps 326 and 328 are
occurring in parallel (with step 326 using the telephoto cam-
era). When vehicle identity and speed measurement are com-
plete, the MVMP procedure returns to the step of monitoring
all traffic in view with the wide-angle camera in search of the
next target vehicle, i.e., step 310.

[0041] Violation data and information is then transmitted to
the ground in real-time for law enforcement and service
industry usage. It should also be noted that any data from
non-offenders will not be stored or transmitted to the ground.
Only the automated tracking system will have access to these
data for a brief time before it is destroyed.

[0042] FIGS. 4A-4C present three video image frames
(400,420, and 430 respectively) of a sequence captured from
a prototype of the presently described system. The sequence
shows a target vehicle 402 in frame 400 at an edge of a
wide-angle image, then in video image frame 420, the vehicle
is moved more to the center of the image, and finally in frame
430 the vehicle 402 is centered in the image. The centering of
the vehicle 402 is accomplished by servoing the pan/tilt gim-
bal. The position of the target vehicle 402 in a previous frame
is defined by the outline 404 and the position of the vehicle in
the current frame is defined by the outline 406. The large
outline 408 indicates another coherently moving region rep-
resenting the road and surrounding terrain. In general, other
vehicles will be represented by other outlines. The inner box
410 defines the field of view of the telephoto camera. As can
be seen, the target vehicle 402 appears closer to the center of
the image as the tracker algorithm follows it.

[0043] When the target vehicle has been suitably centered,
the telephoto camera is engaged to capture a high-resolution
snapshot. Because this camera is approximately axis-aligned
with the wide-angle camera, the image will be centered on the
target vehicle. FIG. 5 shows a telephoto image, and FIG. 6
depicts the license snapshot region of the telephoto image
where the license plate is found.

[0044] An automatic procedure is used to determine when
a zoomed-in snapshot sufficient to identify the vehicle has
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been obtained. In one embodiment, this procedure employs
an Automated License Plate Recognition system (ALPR).
The ALPR is run on the zoomed-in snapshot. If it returns a
valid license plate with sufficient confidence while the wide-
angle tracker maintains the target vehicle in view, then the
vehicle identity is established. ALPR systems are well known
in the art, and such systems are available from a number of
sources. Alternatively, a human crowdsourcing system is
used to transcribe difficult-to-read license plates.

[0045] While tracking a selected vehicle, the MVMP
engages a more precise speed estimation procedure than used
to select the selected vehicle. Three of these methods are
disclosed below.

Speed Measurement Method 1: Camera Geometry

[0046] Ifthe UAV’s motion and location are known, target
vehicle speed is measured by its changing location with
respect to the UAV. The UAV’s location and motion through
space are measured through sensors (e.g., GPS, etc.) and the
UAV’s height above the ground further refined by downward-
directed sensor (e.g., radar, such as Lidar, or ultrasound). At
each moment of time, the target vehicle’s location with
respect to the UAV is established by well-known trigonomet-
ric calculations using the UAV’s compass attitude, the direc-
tion of the pan/tilt gimbal, and the target object’s location in
the image. Target vehicle speed is established by difference in
positions at successive times. By this speed measurement
method the target vehicle, in some embodiments, will be
tracked for a mile (a kilometer) of more, or for a half a minute
of more to measure the vehicles speed by distance the UAV
has travelled as measured by GPS.

Speed Measurement Method 2: Local Landmarks

[0047] The target vehicle’s speed is measured by the time it
takes to traverse local landmarks. Apt landmarks are lane
striping and spacing of bots dots. In a sequence of frames,
lane stripes are found by image processing and curvilinear
line tracing. The number of milliseconds required for the
vehicle to pass one or more lane stripes is measured, and the
speed calculated. This speed measurement allowing speed
calculations within a few seconds or less.

Speed Measurement Method 3: Extended Following

[0048] The target vehicle’s speed is measured by following
it for an extended period of time measuring the time it has
traveled by virtue of UAV GPS coordinates, or passing of
calibrated landmarks such as painted mile markers. By this
speed measurement method the target vehicle, in some
embodiments, will be tracked for a mile (a kilometer) of
more, or for a half a minute of more.

Computing Vehicle Speed

[0049] This section describes in more detail a sequence of
operations for computing an object’s speed (e.g., a car or
other vehicles travelling on a roadway) using centroid mea-
surements from images of objects captured by a camera (e.g.,
the centroid of keypoints of a semi-rigid object model). Gen-
erally, it is understood that speed is determined by a series of
position measurements recorded at known times, and the
primary challenge is determining a vehicle’s position from
camera based measurements.

[0050] The discussion will initially discuss obtaining a
vehicle position from a single camera measurement. The
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image-matching algorithms of the present application return
a camera focal plane centroid coordinate for a moving object.
The process of determining a world XYZ position from an
XY centroid location on a camera focal plane involves a series
of coordinate transformations. The present discussion will
start by describing the process for a rigid, fixed camera and
progressively incorporate the various transformations neces-
sary to represent a complete system. For all calculations it is
assumed that a car must travel on the surface of the ground,
which is a known two dimensional surface (either approxi-
mated as a flat plane where appropriate, or the existence of a
well surveyed topographical map is assumed).

Centroid Position in World Space Given a Rigid Camera and
a Known Surface

[0051] Ignoring any lens distortion effects, or assuming a
well calibrated lens, a camera is defined herein by the ideal,
pinhole camera model 700 depicted in FIG. 7. The camera
defines a coordinate system with XYZ axes, centered at the
focal point of the camera, O, and has focal length, f. The
boresight of the camera is aligned with the +x direction (i.e.,
to the right of the focal point of the camera “0”") and the focal
plane is parallel to the YZ plane. The focal plane has its origin
on the plane and on the x axis of the camera coordinate
system, and xy axes aligned with the camera’s —zand -y (i.e.,
to the left of the focal point of the camera “0”) axes, respec-
tively. A ray of light originating from a point in world space
crosses through the focal point of the camera and intersects
the camera’s focal plane at point (Xc,Yc). Any light source
along that same ray will map to the same camera location.

[0052] For example, a centroid coordinate (Xc, Yc) on a
camera focal plane at focal length £, (Xc, Yc, and f are in the
same Uunits, e.g. millimeters) maps to a normalized vector in
the camera coordinate system, V.

{f,Ye, Xcy

Y = [F¥e Xo

[0053] As mentioned above, with the limited information
presently discussed above, the distance to a light source can-
not be directly measured from a single pixel coordinate in a
single camera image. However if the light source originated
from a known surface this measurement is obtainable. For
example, if the light originates from a plane N orthogonal to
the boresight of the camera and placed distance d from the
camera origin, the position, P, of the point on plane N is:

P (d Y d X d]
=|d, Yex—, Xcx —
f f

[0054] Evenifthe surface isn’t planar, so longasitis known
relative to the camera coordinate system then the intersection
of the vector V originating at O with surface S can be com-
puted. A well surveyed topographical map of a road would be
an example of a known though non-planar surface. The sur-
face coordinate corresponding to each point on the focal plane
of a camera with known position and orientation could be
computed by established ray tracing or z-buffer rending tech-
niques, by piecewise planarization of the surface (e.g. from a
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topographical map) and repeated vector-plane intersection
tests. In practice such calculations have been proven to be
very fast.

Given a Camera Attached to a Rigidly Mounted Gimbal

[0055] A rigid camera can only measure positions of
objects during the periods of time when their projections fall
within the camera’s limited field of view. However, if the
camera is mounted to an actuated gimbal then the camera can
be driven to track those objects over a much wider angular
range. Assume a camera is mounted to a 2-axis, pan/tilt gim-
bal such as shown in FIG. 2.
[0056] One motor commands the pitch and another motor
commands the yaw, and the cameras and motors are con-
nected through a series of support brackets. The pitch frame
rotates with the camera and is offset from the coordinate
system of the yaw frame. In the equations that follow, a 4x4
matrix and homogeneous coordinates are used to simulta-
neously represent the translation and rotation of one coordi-
nate frame relative to another. The following set of transfor-
mations exists, where ‘M’ denotes transformations that are
assumed to be static, e.g. they represent coordinate transfor-
mations due to the gimbal and camera structure and mount-
ing, and “T” is used to denote transformations that change, e.g.
rotation of a servo motor.
[0057] C=Camera local coordinates

M_,,~Camera coordinates represented in the frame of the
actuated pitch motor
T 5, p,=Pitch motor relative to its nominal state (aka com-
manded pitch rotation)
[0058] Mj,.;=The nominal pitch frame relative to the

yaw motor frame
Tyny3,=Yaw motor relative to its nominal state (aka com-
manded pitch rotation)
[0059] If the nominal orientation of the yaw motor bracket
is equivalent to the “world” coordinates, then the camera’s
local coordinate frame in world coordinates is:

Yaw nominal frame=Yn=World frame=W

— — * * * *
TC2WTC2Yn7TY2Yn MPn2Y TPZPn MC2P C

[0060] Again, Mpn2y and Mc2p represent transformations
due to the physical structure of the gimbal. Assuming the
structure is rigid and engineering tolerances these can be
assumed to be static and known. They could also be deter-
mined and/or validated with calibration. Furthermore, with
these assumptions, if it is further assumed that the pitch and
yaw axes are designed to be orthogonal and ignore any rela-
tive translation of the various coordinate frames is ignored
(e.g. it is assumed the impact of the camera’s 1" offset from
the yaw axis is negligible compared to the measurements of
vehicle positions on the road in fractions of miles) then
Mpn2y and Mc2p can be dropped entirely.

Teaw=I covm=Traw™ Tpar*C

[0061] So it is now possible to compute the location of the
camera’s focal point and the direction of a camera frame
vector to a vehicle in the world coordinate system, and using
this information the position of the vehicle in the world coor-
dinate frame may be computed.

Given a Camera on a Gimbal on a Moving Vehicle

[0062] In the implementation of the UAV of the present
application, the gimbal is not fixed rigidly in a known location
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it is on a moving platform. Further as discussed in the system
of FIG. 2 a number of sensors are provided in the UAV
arrangement. Including and/or in addition to those, for this
example there would be a sensor for measuring XYZ position
in world space (e.g. an ideal GPS unit and possibly an altim-
eter) and a sensor for measuring orientation in world space
(e.g. an ideal Attitude and Heading Reference System
(AHRS) unit, and/or a gyro/Inertial Measurement System,
IMU, with compensation for sensor drift). The sensors, ide-
ally, are collocated with the gimbal frame described in the
previous section. However, due to size, weight, space, or even
magnetic or electronic interference reasons, these sensors
might also be mounted elsewhere on the UAV, and possibly
apart from each other. So, there need to be transformation
matrices between these sensors and some common frame on
the UAV. For simplicity, the Yaw nominal frame from the
previous section is selected. Furthermore, it is assumed that
the XYZ sensor’s readings are independent of orientation and
that the orientation sensor’s readings are independent of posi-
tion so that:
[0063]
[0064]

Sensor frame to world frame=T ;= Txyz >

Tyyz o w7 XYZ position sensor reading
T zrs > w=Orientation sensor reading

*T
w L4HRS 2 W

[0065] M,, . ~TheYaw nominal frame relative to the
sensor frame

— %* * #
TQVTS2W MYnJJ TC?Yn C

[0066] Transformation matrices such as shown above are
conventionally read from right to left. Therefore the forgoing
series of equations are intended to explain there is a vector to
the car in the camera coordinates, that this vector is trans-
formed into a vector in the frame ofthe pan/tilt camera mount,
then this vector is transformed into a vector in the frame of the
GPS/Compass (AHRS) on the UAV, and finally this vector is
transformed into a vector in “World” which would be (lati-
tude, longitude, altitude).

Myriad Possible Sensor Configurations and Camera Fixtures

[0067] The previous section is in no way meant to limit the
possible arrangements of sensors for determining the position
and orientation of a camera on a vehicle, nor is the description
of the pan/tilt gimbal or its degrees of freedom intended to
limit the ways in which a camera may be held or actuated. It
was merely meant to describe that there will be a chain of
coordinate system transformations between the camera
frame, measuring the vector to the car, to the world coordinate
frame. Those transformations are the result of the relative
mounting of the camera to the UAV and its actuators and the
relative mounting and dynamics of the system sensors.
[0068] In the above sections structures were described as
ridged for the purposes of explanation (i.e., the ‘M’ vari-
ables), but structures in a real UAV may vibrate or change
shape (e.g. by thermal deformation), making the ‘M’ vari-
ables non-constant values. It is within reason to expect that
additional sensors, such as accelerometers or temperature
sensors or markers, may be placed onto critical locations on
the structure to be used to determine and dynamically update
the values of the ‘M’ variables. Therefore, models of the
structural dynamics, such as from finite element analysis,
may also be incorporated into the calculation of the ‘M’
variables. Furthermore, a calibration routine may be used to
determine the values of those variables.
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[0069] Also described in the previous sections was a lim-
ited set of ideal sensors, but that is not intended to limit the
system configuration. There are a multitude of sensors and
sensor combinations that may be used for determining the
position and orientation of an aircraft or ground vehicle. GPS
gives latitude, longitude, and altitude; however the readings
do not update rapidly and, particularly for altitude, are not
necessarily reliable, depending on the performance desired.
Magnetometers can be slow to sense change in orientation,
but are resistant to drift, while gyroscopes and IMU’s can give
fast, accurate estimates of changes in velocity and orientation,
but have problems with drift if used as position and orienta-
tion sensors on their own. Some types of sensors with over-
lapping purposes are often used in combination to improve
the overall measurement, for example gyroscopes and mag-
netometers together can deliver fast, accurate measurements
of orientation change while resisting drift (these are now
popularly sold as packaged AHRS units).

[0070] Additionally, the relative coordinate transforms,
sensor measurements, system dynamics, and control inputs
can, and should, be filtered to improve the accuracy of the
estimates of the position and vector measurements of the
camera data transformed into the world frame. Examples of
the impact of sensor noise will be discussed in the next sec-
tion, but the necessity for sensor filtering is not new to aircraft
orrobotics. For a system such as described here, filters which
incorporate sensor and system dynamics, such as Kalman
filters, Histogram filters, and Particle filters would be appro-
priate for filtering camera measurements.

[0071] Such a system may be created from individual com-
ponents, i.e. the full structure, sensor components, and con-
trol systems (software/hardware for executing motion com-
mands of the full system or components of the system), may
be custom or be assembled from a mix of custom and com-
mercial off the shelf products. With the growing popularity of
UAV’s, it is reasonable to assume that one might purchase a
commercial of the shelf UAV, an aircraft with included posi-
tion/attitude measurement hardware, electronics, and soft-
ware for flight control, to which a camera and gimbal may be
attached. Irrespective of the above, the conceptual presenta-
tion of coordinate transforms from the camera to the world
frame remains the same.

System Noise and Error Sources

[0072] FIGS. 8A-8C illustrate sketches ofthe basic concept
for measuring vehicle position from UAV position and orien-
tation.

[0073] In FIG. 8A, the concept has been reduced to 2
dimensions, focusing on the “alpha”, pitch angle’s contribu-
tion and the UAV altitude contribution to the calculation of
“range to car”. UAV compass heading, “beta”, is not a con-
tributor to the estimate of “range to car”. For a perfectly flat,
level road (e.g., FIG. 8C), the uncertainty in UAV altitudeis a
direct scalar of the estimated range to car, the error scales
linearly with altitude uncertainty. The contribution of error in
the estimated pitch angle is nonlinear. FIG. 9 shows the curve
of' the tangent function, the curve of the tangent function plus
a constant offset angle, and the error between the two. The
error has a sharp knee in its curve when the tangent function
begins rapidly approaching infinity. Assuming a nominal alti-
tude for the UAYV, the acceptable range of angles over which
the vector to car can be used as a position measurement must
be chosen accordingly. If the UAV is directly overhead of a
car then the error is negligible, but as the camera points
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towards horizontal the error increases rapidly. The error is
still a known function, so an Extended Kalman Filter, for
example, could still incorporate new data appropriately, but
that only means that the filter will rely less and less on new
input data as error begins to dominate.

[0074] FIG. 8B shows a sketch of a very hilly terrain. In the
flat, level road assumption (FIG. 8C), only the UAV’s altitude
contributed to error in the estimate of range to car. However,
if the car is on a hilly terrain using a topographical map, then
errors in the UAV’s latitude and longitude also contribute,
because the difference in altitude between the UAV and the
car is a function of their latitudes and longitudes. The error in
relative altitude is proportional to the gradient of the road at
the location of the car.

Estimating Speed

[0075] Up to this point the discussion has been of estimat-
ing the instantaneous location of a car given a camera image
and sensor measurements of the orientation and position of
that camera. The goal, however, is to estimate vehicle speed.
Velocity is change in position over time. Ideally, given perfect
measurements, velocity could be estimated from exactly two
camera images, but the present system will have noise. For
example, there is noise in the position estimates, which have
been discussed, and noise could exist in the estimates of the
time each camera image was taken. Realistically, however,
digital video cameras are triggered using either internal or
external signal generators that are so precise as to make the
timing error between frames negligible. Camera frames can
also be synchronized with world clock time using the system
clock, presumably itself synchronized with the clock signal
from the GPS sensor.

[0076] Inearliersections, a proposed filter was an Extended
Kalman Filter or other filter for improving the measurement
of the UAV’s position and orientation. A filter will also be
used to estimate the car’s velocity given a series of position
estimates. In the proposed filter, a car will be modeled as
having a constant, unknown velocity, but the velocity will be
assumed in order to initialize the filter (e.g. assume cars are
moving the speed limit). When a car is first detected in the
camera imagery, the vehicle’s position will be estimated as
described previously, and an assumed velocity will be
assigned (e.g. the speed limit), but a low confidence level will
be assigned to that velocity assumption. A prediction will
then be made as to what the car’s position will be in the next
camera frame given the assumed velocity. There will be some
error between the predicted car position and the actual com-
puted car position in the next camera frame. Kalman filters
and other filters are defined algorithms for updating estimated
values, e.g. velocity in this case, given sensor data and sensor
noise. If the car is travelling at a constant velocity then the
estimated velocity will converge to that true velocity.

UAV Based Tracking System

[0077] By implementation of the UAV based tracking sys-
tem 202, greater spatial coverage is obtained compared to
fixed systems, with faster positioning to locations of interest
than mobile ground-based systems. Implementing the
described system and method provides lower operating cost
than human-operated systems due to autonomous operation
and smaller and lighter aircraft, as well as the ability for
dynamic enforcement. The UAV can change enforcement
positions easily as traffic conditions change.
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[0078] The system and method described above therefore
provides a vehicle speed tracking system and method
employing a computer vision algorithm that detects moving
objects with respect to background motion where the back-
ground motion is created by motion of an airborne camera
platform. In one embodiment the computer vision algorithm
located on an airborne platform automatically picks out a
vehicle to track, and then continues tracking through active
control of the pan/tilt camera. Use of approximately axis-
aligned cameras on a pan/tilt device mounted on an airborne
vehicle obtains high-resolution images of vehicles from a
telephoto camera while guiding the pan/tilt camera under
visual tracking control of the wide angle camera. Finally, use
of'an unmanned aircraft (UAV) is used to estimate the speed
of a ground vehicle measured by GPS coordinates of the
aircraft and the geometry of direction of the pan/tilt camera
while maintaining visual tracking of the vehicle.

[0079] A particular aspect of the present application is
related to processing captured images of moving objects in an
improved manner which addresses shortcomings of existing
image capture and processing systems and methods.

[0080] For example, in the environment shown in FIG. 2,
image shift may occur due to motion of the UAV and pointing
of'the pan/tilt gimbal holding the cameras. Due to image shift,
the location of a target object in the image frame can change
rapidly and unpredictably, which poses problems for tradi-
tional image capture and processing methods relying on opti-
cal flow, keypoint tracking alone, or prediction of a search
window, as discussed in the Background of this application. It
also to be appreciated image shift problems discussed in
connection with FIG. 2, are also found in other environments,
such as if the camera system is carried on a plane, a boat, a car,
in situations described in connection with FIG. 1, among
others.

PMP Growth Algorithm Overview

[0081] The PMP Growth Algorithm, of the present appli-
cation is designed to address this image shift issue. In that
regard the PMP Growth algorithm provides for a computer
vision process and system that searches for collections of
image keypoints that maintain consistent local appearance,
plus coherent geometrical relations, under a similarity trans-
form between successive frames. Keypoints are detected in a
“current image frame” based on known methods. Hypotheses
are formed about corresponding keypoint locations in a “pre-
vious image frame”, and a search procedure forms groupings
of'keypoints whose current image frame and previous image
frame correspondences comprise a consistent similarity
transform.

[0082] The PMP Growth algorithm uses a concept intro-
duced herein of Point-Motion-Pairs, wherein a pair of key-
point correspondences for successive frames defines a unique
similarity transform. The PMP Growth Algorithm further
provides for the growth of coherent motion regions from
seeds formed from clusters of the Point-Motion-Pairs, where
a seed is formed of one or more clusters and an image frame
may have more than one seed. An objective of the PMP
Growth Algorithm is to define the rigid and/or semi-rigid
objects identified by the cameras, as object models, and more
particularly herein as Similarity Transform Object Models
(STOMs) and track the STOMs through a sequence of image
frames captured by a camera system (e.g., 102 and 202 of
FIGS. 1 and 2).
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[0083] In this discussion, a Similarity Transform Object
Model is understood to be a data structure that maintains
collections of keypoints representing a coherent motion or
change in motion among the collection of keypoints, within
an accepted tolerance. In this discussion, the change is con-
sidered a change in location, rotation, and scale (similarity
transform) between regions in successive image frames (e.g.,
aprevious image frame and a current image frame—captured
by a camera system).

[0084] Turning to images 1000 of FIG. 10, the concept of
object motion between successive frames (i.e., previous
image frame 1002 and current image frame 1004) is illus-
trated. More particularly solid circles 1006 indicate feature
point locations in the previous image frame 1002. Dotted
circles 1008 indicate corresponding features in the current
image frame 1004. Arrows 1010, starting at the solid circles
1006 and extending to the dotted circles 1008' (carried over
from the current image frame 1004), represent a distance and
direction the objects (e.g., STOMSs) have shifted between the
two image frames 1002 and 1004. Further, circles 1012 in
current image frame 1004 and circles 1012' in previous image
frame 1002 indicate keypoints with coherent motions difter-
ent from the solid circles 1006 and the dotted circles 1008
(1008"). This direction difference being illustrated, for
example by comparing the direction of arrows 1014 to the
direction of the arrows 1010. While incomplete, the sets of
illustrated circles comprise two Similarity Transform Object
Models (STOMs) in the current image frame 1004 for this
scene. Where the first STOM is represented by circles 1006
(representing the vehicle) and the second STOM in the cur-
rent image frame represented by circles 1012 (representing
background).

[0085] Image keypoints discussed above, and used in the
present description can be found by a number of known
keypoint (or feature) detection methods. One particular
method is known in the art as Features from Accelerated
Segment Test (FAST) keypoint detection which is well
known and described in the Computer Vision literature. The
FAST algorithm finds locations whose center pixel is sur-
rounded by a ring of contiguous pixels that are either lighter
or darker than the center by a pre-determined threshold value.
However, keypoint detection methods are imperfect. It is not
uncommon for keypoints to be found in one frame of'a video
sequence corresponding to some visual feature on an object,
but for this feature not to be found in other frames. Therefore,
the PMP Growth algorithm does not rely solely on feature
detectors (such as FAST) to reliably find corresponding key-
points.

[0086] Many object segmentation and tracking algorithms
rely on tracking keypoints from frame to frame using optical
flow. These methods fail if the object jumps abruptly to a
distant pose (location, rotation and scale) in the image frame,
such as due to movement of the camera. In an Unmanned
Aerial Vehicle application such as shown in FIG. 2, the cam-
era system is mounted on a pan/tilt device and by such a
platform unpredictable rapid motions can occur. As opposed
to existing concepts the PMP Growth Algorithm uses the
strategy of tracking by detection, where such a strategy uses
the detection capacity of a computer vision program such as
the PMP Growth system and method described herein. No
prediction of object motion is relied on, instead, known
objects (STOMs) are found regardless of their movement
from one image frame to the next, despite or irrespective of
motion caused by movement of the UAV.
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[0087] In considering two successive frames, such as the
mentioned current image frame and previous image frame, as
illustrated in connection with FIG. 10, the background and
moving objects of the images will be shifted, rotated, and
scaled in different ways between the image frames due to
camera and object motions.

[0088] Therefore an aspect of the PMP Growth algorithm is
to take keypoints found in the current frame, and find corre-
sponding locations in the previous frame. It is to be under-
stood however, that the PMP Growth algorithm is not simply
matching keypoints found in the previous frame against key-
points found in the current frame. This tactic is not used
because keypoint locations found by the keypoint detectors
(e.g., FAST detector) are insufficiently stable between
frames. Instead, the PMP Growth algorithm seeks keypoint
appearance correspondence between successive frames. Key-
point appearance correspondence occurs when a location can
be found in the previous frame that matches the appearance of
a detected keypoint found in the current frame.

[0089] An example of the forgoing concept is illustrated by
images 1100 in FIG. 11 including a previous image frame
1102 and a current image frame 1104. Circles 1106 and 1108
in current image frame 1104 identify keypoints found in the
current frame 1104 by a keypoint detector (e.g., a FAST
detector). Circles 1106 represent keypoints associated with
the vehicle in the image 1110, while circles 1108 represent
objects on the roadway (these may be considered background
of'the image) 1112. The PMP Growth Algorithm operates to
then find corresponding appearance locations corresponding
to the keypoints in previous image frame 1102, where the
locations in the previous image frame 1102 will have an
appearance substantially matching the appearance of the area
of the image surrounding the relevant keypoint in the current
image frame 1104. In FIG. 11 arrowed lines 1114 are used to
point from the keypoints identified by circles 1106 to corre-
sponding locations 1116 on the vehicle in images 1110, and
arrowed lines 1118 are used to point from keypoints 1108
representing objects on the roadway 1112 to corresponding
background locations 1120 in the previous image frame 1102.
It is to be appreciated for clarity of description only a sam-
pling of the keypoints and associated locations for these
images are shown.

[0090] Also, while the discussion related to FIG. 11 show
the locations 1116, and 1120 in the previous image frame
1102 being derived based on the keypoints 1106, 1108 from
the current image frame 1104, as described below, keypoints
previously found in a previous image frame will also be used
in the PMP Growth algorithm as means to bootstrap the
search for (current frame) keypoints to (previous frame) loca-
tion appearance mappings. It is also mentioned here that in
embodiments of the PMP Growth system and method, is
designed with a matching maximum threshold or cutoff,
where once a certain number of matches are obtained the
PMP Growth system and method will end the matching
operation. The PMP Growth system and method is also
designed in certain embodiments to have a matching mini-
mum threshold (after the initial frame operation), wherein if
a minimum number of matches are not found the process
moves to a next previous image frame.

[0091] In one embodiment of the present concepts the
matching of keypoints to locations using the appearance of
the location (i.e., local appearance feature match) is accom-
plished by use of a binary feature vector describing the pattern
of pixel lightness and/or colors in the neighborhood of the
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keypoint. In this embodiment a feature descriptor developed
herein and called Symmetric Binary Robust Independent
Elementary Features (SBRIEF) feature descriptor is
employed. The SBRIEF feature descriptor being a variant on
the Binary Robust Independent Elementary Features
(BRIEF) feature descriptor, which is well known and has
been described in the computer vision literature, such as
described in “BRIEF: binary robust independent elementary
features”, M. Colonder, V. Lepeti, C. Strecha, P. Fua, ECV
2010, hereby incorporated in its entirety by reference. Dis-
tinct from the BRIEF feature descriptor, the SBRIEF feature
descriptor uses a particular layout pattern of sample locations
with respect to the central location. This concept is illustrated
in an SBRIEF feature descriptor layout 1200 of FIG. 12,
which includes 17 sample points including a central keypoint
1202, around which the other sample points (i.e., the other
solid circles) are strategically distributed. All point pair com-
binations of the 17 sample points are determined (i.e., for 17
sample points there are 136 pairs). The SBRIEF feature
descriptor comprises a 272-bit feature vector (i.e., 136x2-272
bits, using 2 bits per point pair) describing all combinations of
relative lightness values among the 17 sample locations. In
one embodiment, a method which may be used is described in
Jie Liu, Xiaohui Liang, “I-BRIEF: A fast Feature Point
Descriptor With More Robust Features”, Signal-Image Tech-
nology on Internet-Based Systems (SITIS), 2011 Seventh
International Conference, pages 322-328, hereby incorpo-
rated in its entirety. Such a process allows for pairwise light-
ness comparison with a tolerance. The Hamming distance can
be 0, 1 or 2 for any point pair. Itis to be appreciated that while
this SBRIEF feature descriptor is used in this embodiment,
other appearance descriptor processes may be employed in
other embodiments. Following operation of the feature
descriptor (e.g., in one embodiment the feature descriptor
being the SBRIEF) results of such operations are provided to
an appearance match catalog.

[0092] At the conclusion of every frame processing cycle,
the set of keypoints found in the current image frame are
partitioned (or segmented). In this partitioning some (usually
most) of the keypoints will be assigned to Similarity Trans-
form Object Models (STOMs) representing coherent motion
objects. Other keypoints will not find corresponding matches
in the previous image frame, and will be labeled, “unex-
plained keypoints”™.

[0093] A strategy of the PMP Growth Algorithm is to find
coherent motions in three conceptual phases, as depicted by
operational diagram 1300, including image rows 1302, 1304,
1306, and 1308, where each row includes previous image
frame 1310 and current image frame 1312. The initial image
row 1302 represents the images presented or received by the
PMP Growth algorithm.

[0094] InPhase 1 (image row 1304), an attempt is made to
find, in the current image frame 1312, instances of coherent
motion objects that had been identified in the previous image
frame 1310 (i.e., complete coherent motion object models or
STOMs of the previous image frame). This is accomplished
in one instance by bootstrapping the knowledge of STOMs
1314a, 13146 . . . 1314n, in previous image frame 1310.
Arrowed lines 13164, 131654 . . . 1316 illustrate appearance
matches accomplished by this first phase of operation. Thus
in Phase 1, only keypoints in the previous image frame 1310
that are part of an object (i.e., STOM) are used in the match-
ing, whereby the groups corresponding to this concept are
represented by arrow groups 1316a, 13164. . . 1316x. This
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allows the PMP Growth algorithm to initially carry objects
(STOMs) from the previous image frame forward into the
current image frame.

[0095] At this stage in operation of the PMP Growth algo-
rithm, keypoint 1318 and a plurality of keypoints 1320 in the
current image frame 1312 have not been associated with
STOMs from the previous image frame 1310. Additionally,
keypoints that have been identified in the current image frame
1312 are not matched to an existing STOM in the previous
image frame (e.g., locations 1322a and 13225). It is also
noted that in the processing of the previous image frame 1310
(i.e., wherein the previous image frame 1310 was being com-
pared to an image frame that was previous to itself) a group of
points 1324, were not able to be identified with any STOM,
and therefore presently stand unidentified. Also, as initially
observed with regard to locations 1322a and 13225, the
present method and system does not require there to be a
keypoint in the previous image frame, rather the present sys-
tem and method is designed such that a keypoint (i.e., see
keypoints 1323a and 13235) in the current image frame can
match to a location (i.e., locations 13224 and 13225) in the
previous image frame.

[0096] In Phase 2 (image row 1306), the PMP Growth
algorithm searches to find in the current image frame 1312
new objects (STOMs) that have coherent motion with unas-
signed keypoints (e.g., 1324) in the previous image frame
1310. In the present example this search results in keypoints
1320 and keypoints 1324 to become associated, as identified
by arrow group 1326.

[0097] In Phase 3 (image row 1308), coherent motion
objects with the same motion are merged to represent
STOMs. For example in the current image frame 1312
STOMs 1328a, 132854 . . . 1328n are formed. It is also illus-
trated in current image frame 1312 that keypoint 1318
remains undetermined (not part of a STOM), similarly it is
worth noting that locations 13224, 13225 (not part of STOMs
in the previous image frame 1310) were found in the process-
ing of current image frame 1312 to have sufficient similarity
to the other keypoints in the STOMs 13284 and 13285, to be
respectively included within those STOMs in current image
frame 1312. A possible reason for this is that the movement of
the locations 13224, 13226 from one frame to the next
changed sufficiently to increase its similarity scores to the
relevant keypoints.

[0098] It can also be observed in connection with FIG. 13,
that a location (keypoint) 1330 that was part of a STOM
13145, in the previous image frame 1310, is not defined as
being part of any STOM current image frame 1312. A pos-
sible reason for this is that while the keypoint detector (e.g.,
FAST) triggered on this location in the previous image frame
1310, it did not trigger to identify a keypoint in the current
image frame 1312. The present discussion is set in an envi-
ronment where every keypoint triggered by FAST or other
feature detector process will be considered in the matching
process. However in other embodiments it is possible to pro-
vide a filter eliminates some triggered keypoints from the
matching process, for example the system and method may be
designed to have an upper number limit of matches, after
which no additional matching is allowed.

[0099] Itis to be understood from the above therefore that
the growth portion of the present PMP Growth algorithm
proceeds in two main stages. The first stage grows seeds by
accumulating clusters, and the second stage adds keypoints to
the clusters in a one by one process by accumulating neigh-
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boring keypoints into the respective clusters. In this second
stage the PMP Growth algorithm is no longer looking at
Point-Motion-Pairs, but is rather looking to determine if there
are matches to neighbor points sufficiently similar to the
characteristics of the relevant seed.

[0100] The forgoing discussion provides an overview of
some operational characteristics of the PMP Growth algo-
rithm. Starting with FIG. 14 a more detailed discussion is
presented of the operation of the PMP Growth algorithm

PMP Growth Algorithm Details

[0101] Initially, in the diagram 1400 of FIG. 14, current
image frame data 1402 and state data carried over from pre-
vious frame 1404 are provided as input. The carried over state
data 1404 includes a set of Similarity Transform Object Mod-
els (STOMs) and unexplained keypoints detected in the pre-
vious frame image. The STOMs each include a list of model
keypoints comprising the set of image locations in the previ-
ous frame image that were ascribed to each STOM. Some of
the model keypoints were found as image keypoints in the
previous frame, while other model keypoints were found by
local image search as described in the Grow STOMs step
below.

[0102] The first operational step of the PMP Growth algo-
rithm is to detect keypoint locations in the current frame
image 1406. Any keypoint detection method can be used. The
present embodiment employs the well-known FAST keypoint
detection algorithm, which finds locations whose center pixel
is surrounded by some ring of contiguous pixels that are either
lighter or darker than the center by a threshold value.

[0103] The PMP Growthalgorithm exploits both geometric
consistency and local appearance consistency to establish
correspondences between image locations in the current and
previous image frames. The next step of the PMP Growth
algorithm is computing an appearance feature for each key-
point that can be compared with appearance features of key-
points and model points from the previous image frame 1408.
The appearance of a local patch around each keypoint is
represented as a binary feature vector describing the pattern
of pixel lightnesses and/or colors in the neighborhood of the
keypoint. In one embodiment a novel SBRIEF feature
descriptor process is used. This SBRIEF being a variant on
the BRIEF feature descriptor known and described in the
computer vision literature, such as described in “BRIEF:
binary robots independent elementary features”, M.
Colonder, V. Lepeti, C. Strecha, P. Fua, ECV 2010, hereby
incorporated in its entirety by reference. The SBRIEF feature
descriptor uses a particular layout pattern of sample locations
with respect to the central location, as illustrated in FIG. 12.
Like standard BRIEF feature descriptors, SBRIEF features
can be compared quickly by computing the Hamming dis-
tance by applying a computer’s Exclusive OR (XOR) opera-
tion, then summation of the number of mismatching bits. An
SBRIEF Hamming distance of 0 means perfect appearance
match.

[0104] A particular aspect of the PMP Growth Algorithm
1400 is forming hypotheses about constellations of neighbor-
ing keypoints that form a coherent motion object. Object
hypotheses are grown from seeds, branching via neighbor
relations. Neighbors of keypoints are found conveniently
though the Delaunay Triangulation. Therefore, the next step
of the algorithm is to perform Delaunay Triangulation on
current image frame keypoints 1410, and on the model points
of each of the previous image frame STOMs 1412.
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[0105] Next, a catalog of appearance correspondence
matches between model points of the previous frame and
observed keypoint features of the current frame are generated
1414. Then using the appearance correspondence matches,
Point-Motion-Pairs are formed between previous frame
STOMs’ model keypoints and the current image keypoints
1416. Clusters of the Point-Motion-Pairs are formed using
compatible similarity transforms 1418. Then a cluster of the
Point-Motion-Pairs (e.g., seed cluster) is chosen to seed the
current frame STOMs 1420. Following this operation
STOMs are grown (e.g., by adding additional clusters to the
seed cluster) to include as many current image keypoints as
possible 1422. Finally, in this first phase, consistent STOMs
are merged together 1424.

[0106] Following the above steps, the PMP Growth Algo-
rithm 1400 looks to seed new STOMs by finding consistent
Point-Motion-Pair mappings between remaining image key-
points from the current image frame and keypoints that were
left unexplained in the previous image frame. This procedure
is similar to steps 1416-1424 discussed above.

[0107] More particularly, Delaunay Triangulation is per-
formed to form a neighborhood graph among previous image
frame unexplained keypoints 1426.

[0108] Point-Motion-Pairs are formed between neighbor-
ing pairs of previous image frame unexplained keypoints and
current image frame unexplained keypoints 1428.

[0109] Point-Motion-Pairs are then clustered by compat-
ible similarity transform 1430.

[0110] Candidate STOM seeds are then formed by accu-
mulating sets of compatible Point-Motion-Pair clusters 1432.
[0111] These STOMs are grown to accumulate additional
unexplained current image frame keypoints 1434. Then
merge candidates are recorded and the merge procedure is
executed among motion-compatible STOMs 1436. Thus, it is
shown that motion history is used in this embodiment to
establish compatibility of motion objects models for merging.
[0112] Finally, output from the PMP Growth Algorithm is
the set of STOMs representing coherent motion regions
between the current image frame and previous image frame,
and the set of remaining unexplained keypoints of the current
image frame 1438. This output may be displayed on an output
device (e.g., an electronic display screen) in real time, and/or
recorded for later viewing.

[0113] The following discussion will now expand on cer-
tain steps and/or concepts of the PMP Growth algorithm 1400
disclosed above.

[0114] An aspect of the PMP Growth algorithm 1400
includes two related sets of processing steps, namely propos-
ing hypotheses and growing hypotheses for coherent object
motions. These concepts employ the use of Point-Motion-
Pairs.

[0115] The Point-Motion-Pair (PMP) concepts of the
present application are explained with reference to diagram
1500 of FIG. 15, previous image frame 1502 is shown with
two points 15024, 15025 identified and current image frame
1504 is shown with two points 1504a, 15045 identified. Most
often, the points from each image frame will be Delaunay
neighbors, but this is not a requirement. As shown by Point-
Motion-Pair 1506, points are assigned in 1:1 correspondence.
Thus FIG. 15 depicts Point-Motion-Pair 1506 as consisting of
apair of points 15024, 15025 in previous image frame 1502 in
correspondence with a pair of points 1504a, 15045 in current
image frame 1504, where the correspondence defines the four
parameters of a similarity transform.
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[0116] A Point-Motion-Pair establishes a four degree of
freedom transform of any object owning the points from a
previous image frame to a current image frame. In particular,
a Point-Motion-Pair determines translation, rotation, and
scaling.

[0117] Coherent motion hypotheses are proposed, starting
by finding sets of mutually consistent Point-Motion-Pairs.
For each previous image frame model object (e.g., Similarity
Transform Object Model), a set of Point-Motion-Pairs with
current image keypoints is formed. This is done in three sub
steps: 1. Find compatible appearance keypoints for each
model point in the appearance match catalog computed pre-
viously (e.g., by a feature descriptor process such as
SBRIEF); 2. Examine Delaunay Triangulation neighbor
model points and their compatible image keypoints (these
four points defining a Point-Motion-Pair); 3. filter out Point-
Motion-Pairs that represent translation, scaling, and/or rota-
tions, that are outside a threshold, while retaining Point-
Motion-Pairs that represent translation, scaling, and/or
rotations falling within the predetermined threshold limits.
For example, a scaling factor outside the range, 0.1 to 10.0, is
unlikely to arise from actual object motion toward or away
from the camera, so a PMP scaling outside of this range would
be considered to be outside the threshold and will be filtered
out. It is to be understood that the thresholds for the present
concepts will be different dependent on the particular
intended use. Therefore it should be considered that the
present system is tunable by the designer to meet the particu-
lar use.

[0118] FIG. 16 illustrates construction of a plurality of
initial Point-Motion-Pairs. More particularly, images 1600 of
FIG. 16 shows that a pair of points 1606, in a previous image
frame 1602 generates numerous Point-Motion-Pairs by map-
ping to multiple pairs of points (e.g., 16084, 16085, 1608c,
16084 . . . 16087) in the current image frame 1604. Thus it is
to be appreciated that a very large number of point pairs can
be formed, as for example the present figure is showing only
Point-Motion-Pairs for one set of points in the previous image
frame 1602, and it is clear that a plurality of other sets of
points will also form Point-Motion-Pairs.

[0119] Withattentionto images 1700 of FIG. 17, itis shown
that point correspondences establishing Point-Motion-Pairs
between a previous image frame 1702 and a current image
frame 1704 are constrained by allowing only mappings
between points having a local image patch appearance match
(e.g., point 17024 and point 17044 each have a local image
patch appearance that meet a predetermined likeness thresh-
old that allows these points (1702a and 1704q) to be part of a
Point-Match-Pair). Additional points in the previous image
frame 1702 and the current image frame 1704 that have
matching image patch appearances are shown as being
attached via (matched) arrowed lines 1706. It is to be appre-
ciated the above are only examples of some matching points
provided for teaching purposes and not all point matches are
identified.

[0120] Atthistime in the PMP Growth algorithm numerous
Point-Motion-Pairs will have been identified, corresponding
to numerous potential transforms (see FIG. 15) between pairs
of model points in a previous image frame and keypoints in a
current image frame.

[0121] For each previous image frame model point, a list of
Point-Motion-Pairs the model point participates in is com-
piled. Then for each image frame model point, clusters of
Point-Motion-Pairs are formed based on compatibility of
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their translation, rotation, and scaling parameters. With atten-
tion to images 1800, including previous image frame 1802
and current image frame 1804, of FIG. 18, solid lines 1806a-
18067 are used to identify Point-Motion-Pairs that form a
coherent transform cluster for bolded point 1808, and the
figure also shows a few other Point-Motion-Pairs that do not
participate in coherent transform clusters (dashed lines)
18104-18107.

[0122] Following formation of Point-Motion-Pair clusters,
seeds for coherent object models are formed. In particular, for
each previous image frame STOM, the Point-Motion-Pair-
Clusters are rank-ordered in terms of a scoring criterion. In
one embodiment a score is based on number of Point-Motion-
Pairs in the cluster, and the mutual compatibility of their
similarity transform parameters (i.e., translation, rotation,
scale). The highest scoring Point-Motion-Pair-Cluster is
selected to initiate a seed. Then, other model points’ Point-
Motion-Pair-Clusters are added to the seed when they have
sufficient similarity transform compatibility with the initial
Point-Motion-Pair-Cluster. Finally a least squares transform
solution is found using the set of model point to image key-
point mappings. This similarity transform defines a single
similarity transform that maps model point locations in the
current frame to keypoint locations in the previous frame.
Any point whose mapped location exceeds a predetermined
distance threshold is removed from being part of the seed set.
Previous image frame STOMs form seeds in this way.
[0123] In the step of growing STOMs (Step 1422 of FIG.
14), STOMs are grown in the current image frame to include
as many image keypoints as possible. This concept is illus-
trated in images 1900 of FIG. 19, which include previous
image frame 1902 and current image frame 1904. In FIG. 19
solid arrowed lines 1906 represent established mappings
between keypoints found in the current image frame 1904 and
point locations in the previous image frame 1902. Dashed
arrows 1908 indicate neighbors of accepted keypoints in the
current image frame STOM, as it is currently grown. Dashed
circles 1910a-1910e show predictions of the locations these
neighbor keypoints map to in the previous image frame 1902,
under the current transform estimate of the STOM. Some
neighbor keypoints map to well-matching locations in the
previous frame (e.g., uppermost two 1910q, 19105 in this
figure). These have a high probability of being accepted as
part of the growing STOM]. Each STOM keeps a running
estimate of its similarity transform parameters, based on aver-
ages of the transform parameters of the Point-Motion-Pairs
linking its currently accepted image keypoints.

[0124] In this step the Delaunay neighbors of each image
keypoint of each seed STOM are identified. A priority queue
is maintained of neighbor keypoints, scored in terms of their
compatibility. To compute the compatibility score, the current
transform parameters are used to predict the neighbor key-
point’s location in the previous frame image. Then, an appear-
ance match is sought using the SBRIEF feature. A hill-climb-
ing algorithm is used to find the best-matching location of the
neighbor keypoint in the previous frame image, starting at the
predicted location. A distance threshold is placed on how far
from the initially estimated location the search is extended. If
no matching location is found that exceeds a threshold
SBRIEF Hamming distance, then the match is rejected. Oth-
erwise, the matching location is placed on the priority queue
which remains sorted by match score.

[0125] With continuing attention to the hill-climbing con-
cept, for individual keypoints, while the initial operation
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looks at the closest similarity transform, the hill-climbing
algorithm will compute a STOM for a first guess, but then will
look at all neighboring locations. In other words, from the
initial first estimate, the process investigates pixels within a
defined pattern. While this pattern is optional, in one embodi-
ment the hill-climbing algorithm will look at eight different
locations or directions for other pixels, from the selected
(centered) pixel. These additional pixel locations are also
tested to determine a relationship, and are scored as to being
more similar or less similar to other pixels in the tested group
(included the originally-tested pixel). If one of the alternative
pixel positions are determined to be a better score than the
original estimated pixel position, the process shifts, making
the new pixel the selected (centered) pixel, and then searching
is undertaken in the same manner, e.g., eight surrounding
pixel locations are searched. This process continues until the
“middle” pixel is determined to have the highest score. So
hill-climbing is the process of starting with an original esti-
mated pixel, testing pixels in a pattern around that originally-
estimated pixel, obtaining similarity scores for each of the
pixels, and when a pixel other than the original-estimated
pixel has a better score, moving and placing that pixel in the
middle location and performing the process again at the
newly centered pixel position. This process continuing until
the centered pixel has the best score. It is understood that this
best score (or highest score) refers to the situation of having
the lowest Hamming distance. When the centered pixel is
determined to have the best score, which may also be under-
stood to be a local maximum. Since when looking at all
directions from this position or pixel, all other scores are less
than the present centered or middle pixel. This keypoint is
then added to the seed. In one embodiment the hill-climbing
algorithm is part of the growing of STOM;s (e.g., steps 1422
and 1434) of PMP Growth flow diagram 1400.

[0126] A single priority queue is maintained for all seeds
(STOMSs). A reason the seeds (STOMs) are put in the same
queue is because it is desired for all the objects (STOMs) to
simultaneously grow as fast as possible, giving no object
(STOM) a head start over any other object (STOM).

[0127] In an embodiment of the present application all the
growing for all of the known objects occurs at the same time
(i.e., known STOMs in the previous image frame). This is
defined as having a single priority queue for all the STOMs. A
reason for this is that some STOMs may want to compete for
keypoints. So, for example, in FIG. 13, where there are a
number of STOMs (see 1308), STOM 13284 may try to
compete with STOM 13285 for keypoint 1318, to try and
bring the keypoint into its seed cluster to promote that
STOMs own growth. Therefore, each STOM tests the unas-
sociated keypoint, and in one instance the STOM to which the
keypoint represents a best score may absorb the keypoint (i.e.,
when the matching value (score) is also better than a pre-
determined threshold). In another situation if both scores of
the keypoint related to the STOMs are both below the thresh-
old score neither of the STOMs would absorb the keypoint.
Still further, if the keypoint has a high score (better than the
threshold) for both STOMs, but the matching values (scores)
are within a predetermined threshold value to one another,
then the PMP Growth algorithm is designed so that neither
accepted STOM tries to acquire the keypoint. It is to be
understood these rules of acceptance or rejection by the
STOMs, along with the precise values of the scores and
thresholds are tunable and selectable on the generation of the
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PMP Growth algorithm and may be defined alternatively
depending on proposed implementations or uses.

[0128] In one embodiment, for each seed (STOM) in the
growth process, seeds will grow by accumulating the best
scoring keypoints first. Therefore, different seeds will acquire
(possibly) unmatched keypoints that are closest to a particular
seed and these seeds may move in different directions than
other seeds. An object of the growth process, in one embodi-
ment, is to grow the seed as fast and easy as possible. There-
fore, during an initial growing period the seeds will acquire
keypoints that are non-competitive with other seeds. Then at
a certain point the growth will enter into the aforementioned
competitions for keypoints. By this time, the similarity trans-
forms for the seeds will be better defined, making the selec-
tion more precise. Therefore, by postponing or delaying the
matches that are not easiest to obtain, then the less obvious
matching will be more accurate due to the improved similar-
ity transforms.

[0129] The STOM growing procedure iterates by selecting
the best matching neighbor from the priority queue and
assigning it to the growing STOM that claims it, then updat-
ing the running average similarity transform parameters for
that STOM. As a neighbor keypoint is accepted into the
STOM, its neighbors (at least the ones that are not already
members of the STOM) are explored and appearance-
matched to the previous frame image. When a match is found,
it is added to the priority queue according to appearance
match score.

[0130] Inthis manner, image keypoints found in the current
image frame can be matched with appropriate locations in the
previous image frame even if corresponding keypoints were
not found in the previous image frame. STOMs grow to
accumulate Delaunay neighbor points until no neighbor
points are left that predict locations in the previous frame
which are compatible with coherent motions of the keypoints
belonging to their respective STOMs.

[0131] The STOM growing procedure is additionally
designed to discover previous frame STOMs that have very
similar motions and therefore are candidates to be merged in
a subsequent step. These are found when animage keypoint is
a neighbor to more than one growing STOM, and is found to
be compatible with the similarity transforms of both STOMs.
A list of candidate STOMs to merge is thereby prepared by
the STOM growing procedure.

[0132] The STOM growing procedure exits when the pri-
ority queue is emptied of neighbor keypoints making predic-
tions about corresponding locations in the previous frame
image.

[0133] The discussion will now expand on step 1424 of
FIG. 14, where the candidate STOMs are merged. In this step
hypothesized current image frame STOM:s are sorted in order
of'descending number of member keypoints. Starting with the
largest STOM, each STOM is considered as the base for
merging with other subsidiary STOMs as suggested by the
grow procedure. First, the transform parameters for each
STOM are found by least-squares fit. Then a three-part crite-
rion is used to determine whether each subsidiary STOM
should be merged with the base STOM. The first part requires
that the transform parameters of the base and subsidiary
STOMs be roughly the same (the particular tolerances,
including those for differences between the base and subsid-
iary STOMs being selected or tuned during the set-up/imple-
mentation of the PMP Growth algorithm). The second part
requires that the transform parameters of the base STOM
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predict the location of the subsidiary STOM’s centroid in the
previous frame to within a threshold tolerance. The third part
examines the motion trajectories of the base and subsidiary
STOMs in some number of frames previous to the current
image frame. The number of historical image frames (those
prior in sequence to the current image frame, and including
the discussed previous image frame and those previous
thereto) considered is the minimum of a predetermined num-
ber (in one embodiment 20 historical image frames are used,
although other values may be used) and the minimum of the
historical ages of the two STOMs in terms of number of
frames since they were first created. If the relative orientation
and scale of the base and subsidiary STOMs are consistent
with their respective transform parameters, then the STOMs
may be merged. Once a subsidiary STOM is merged with a
base STOM, that subsidiary STOM is removed from consid-
eration for additional merges. Then the process will rank the
remaining STOMS and select the largest remaining STOM as
a next seed and the process continues, until no remaining
STOMs are able to be merged and/or no STOMS remain to be
a seed.

[0134] The PMP Growth Algorithm up to this point will
produce some number of current image frame STOMs that
were spawned by previous image frame STOMs. These
STOMs will consume, or explain, some number of the current
image frame detected keypoints. There may remain some
current image frame keypoints that do not belong to, or are not
explained by current imager frame STOMs. Indeed, when the
PMP Growth Algorithm first starts running, the initial previ-
ous image frame will be blank and there will have been no
previous image frame STOMs to propagate forward, so all of
the previous image frame keypoints will be unexplained.
[0135] As mentioned above, the output of the PMP Growth
Algorithm is the set of STOMs representing coherent motion
regions between the current frame image and previous frame
image, and the set of remaining unexplained keypoints of the
current frame image.

[0136] FIG. 20 presents a frame from a video 2000 shown
on a output display 2002 of a freeway scene which has been
processed by the PMP Growth algorithm 1400. At this
moment, the PMP Growth algorithm has discovered and is
tracking seven STOMs. These include a first STOM having
solid circles within the outlined area 2006, representing por-
tions of the roadway. A second STOM 2008 represents an
image of a car in the middle right side of the image. A third
STOM 2010 represents an image of another car, located in the
middle back portion of the image. A fourth STOM 2012
represents a portion of the car in the back middle of the image
as well as a portion of the roadway. A fifth STOM 2014
represents an upper section of another car on the roadway,
with a sixth STOM 2016 representing a back portion of the
same car and a portion of the roadway. Finally, a seventh
STOM 2018 represents a left most car (only partially view-
able in the image). STOMS 2010 and 2012 share responsi-
bility for a moving object and will be merged in a subsequent
frame.

[0137] The PMP Growth algorithm described herein there-
fore provides for image tracking and processing that is opera-
tive when the camera system moves around a great deal, i.e.,
causing image jumps from one image frame to the next. Italso
is operative in systems where the objects themselves are
making quick movements that alter their path. These
attributes allow tracking systems using the PMP Growth
algorithm to follow objects a long distance in a scene. The
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forgoing discussion may be designed to use the current image
frame and the immediately previous image frame in a
sequence. However, in other embodiments the PMP Growth
method and system may be designed to use an image frame
other than the immediate previous frame. For example the
system and method may be designed to use the 107, 157,
150%, 1000, etc. frame that is previous to the current frame.

[0138] It will be appreciated that variants of the above-
disclosed and other features and functions, or alternatives
thereof, may be combined into many other different systems
or applications. Various presently unforeseen or unantici-
pated alternatives, modifications, variations or improvements
therein may be subsequently made by those skilled in the art
which are also intended to be encompassed by the following
claims.

What is claimed is:

1. A method for measuring ground vehicle speed compris-
ing:

positioning an unmanned aerial vehicle (UAV) in proxim-

ity to a roadway, the UAV flying under control and
navigation of a UAV control unit, and further carrying
camera and monitoring equipment, the camera and
monitoring equipment including an onboard computing
system, and a camera with a wide angle lens and a
camera with a telephoto lens, the cameras mounted on a
pan/tilt device;

using a computer vision algorithm to detect vehicles mov-

ing on a roadway despite motion created by movement
of the UAV, wherein the computer vision algorithm is
operated by the on-board computing system;

moving the cameras mounted on the pan/tilt device under

the direction of the computer vision algorithm to main-
tain a target vehicle of the detected moving vehicles in
view; and

measuring a speed of the target vehicle.

2. The method according to claim 1 wherein the computer
vision algorithm automatically selects the target vehicle to
track.

3. The method according to claim 2 wherein the tracking of
the target vehicle is by active control of the pan/tilt device
holding the cameras.

4. The method according to claim 1 wherein the cameras
are approximately axis-aligned cameras, wherein the camera
with the wide angle lens is used to track the target vehicle and
the camera with the telephoto lens is used to capture a high
resolution snapshot while the target vehicle is centered in the
wide angle image frame.

5. The method according to claim 1 wherein the UAV
control uses GPS coordinates and camera geometry, altitude,
and location of the target vehicle in the image to measure the
target vehicle speed.

6. The method according to claim 1 wherein a timing of the
target vehicle passing locally calibrated landmarks are used to
measure the target vehicle speed.

7. The method according to claim 1 further including fol-
lowing the target vehicle for at least a kilometer or half a
minute to measure the vehicle’s speed by a distance the UAV
has travelled as measured the GPS.

8. The method according to claim 1 wherein the computer
vision algorithm tracks a vehicle by detecting the vehicle in
every camera image while the vehicle is within a view of the
camera with the wide angle lens.
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9. The method according to claim 1 wherein the computer
vision algorithm employs Point-Motion-Pairs to establish
correspondences among keypoint features of vehicles.

10. A method for detecting, tracking and estimating speeds
of vehicles on a roadway, the method comprising:

positioning an unmanned aerial vehicle (UAV) in proxim-

ity to a roadway, the UAV flying under control and
navigation of a UAV control unit, and further carrying
camera and monitoring equipment, the camera and
monitoring equipment including an onboard computing
system, and a camera with a wide angle lens and a
camera with a telephoto lens, the cameras mounted on a
pan/tilt device;

directing the pan/tilt controlled cameras to view the road-

way; and

engaging a moving vehicle monitoring procedure which

includes:

detecting moving vehicles from a video feed of the camera

with the wide-angle-lens;

estimating vehicle speed for each moving vehicle in the

video feed;

determining a target vehicle to continue to track from

among the vehicles in the video feed;

tracking the target vehicle;

recording video evidence of the target vehicle by the
camera with the wide-angle lens;

servoing the pan/tilt device to center the target vehicle in
the frame of the video feed;

measuring the target vehicle speed;

taking a zoomed-in snapshot of the target vehicle license
plate with the camera with the telephoto lens when the
target vehicle license plate is centered in the frame of
the camera with the wide angle lens; and

recording the target vehicle license plate when it is deter-
mined the target vehicle license plate is readable and
that sufficient speed evidence of the target vehicle has
been collected.

11. The method of claim 10 wherein the tracking algorithm
is a computer vision algorithm.

12. The method of claim 11 wherein the computer vision
algorithm detects moving vehicles despite motion created by
movement of the UAV.

13. The method according to claim 10 wherein the com-
puter vision algorithm automatically picks out the target
vehicle to track

14. The method according to claim 10 wherein the tracking
of the target vehicle is by active control of the pan tilt con-
trolled cameras.
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15. The method according to claim 10 wherein the cameras
are arranged as approximately axis-aligned cameras on the
pan/tilt device mounted on the UAV to obtain high-resolution
images of vehicles from the camera with the telephoto lens
while guiding the pan/tilt device under visual tracking control
of the camera with the wide angle lens.

16. The method according to claim 10 wherein the UAV is
used to measure the speed of a ground vehicle by use of GPS
coordinates of the aircraft and the geometry of direction of a
pan/tilt controlled cameras while maintaining visual tracking
of the vehicle.

17. A speed measurement system to detect, track and deter-
mine a speed of a vehicle on a roadway, the system compris-
ing:

an unmanned aerial vehicle (UAV);

a UAV control unit positioned on the UAV and configured
to control the operation and navigation of the UAV;

a camera and monitoring system carried on the UAV, and
including:

a camera with a wide angle lens and a camera with a
telephoto lens, the cameras mounted on a pan/tilt device
connected to the UAV by a mounting bracket, and

an on-board computing system configured to operate a
moving vehicle monitoring procedure (MVMP) which
includes a tracking algorithm that actively controls
movement of the pan/tilt device, to coordinate move-
ment of the camera with the wide angle lens and the
camera with the telephoto lens to obtain an image of a
license plate from a target vehicle being tracked by the
MVMP procedure and to determine a speed of the target
vehicle.

18. The system according to claim 16 wherein the cameras
are used as approximately axis-aligned cameras on a pan/tilt
device mounted on the UAV to obtain high-resolution images
of vehicles from the camera with the telephoto lens while
guiding the pan/tilt device under visual tracking control of the
camera of the wide angle lens.

19. The system according to claim 17 wherein the MVMP
includes a computer vision algorithm used to detect moving
vehicles on a roadway despite motion created by movement
of the UAV, wherein the computer vision algorithm is oper-
ated by the on-board computing system.

20. The system according to claim 19 wherein the com-
puter vision algorithm is configured to automatically select
the target vehicle to track.
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